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Tumor immune microenvironment plays a crucial role in determining the prognosis of lung
adenocarcinoma (LUAD), with the interaction of immune cells within this microenvironment
contributing to a poorer prognosis. We sought to investigate the causal relationship and underlying
biological mechanisms between immune cell characteristics and LUAD to offer new insights for
enhancing treatment strategies. We evaluated the association between immune cell characteristics
and LUAD using Mendelian randomization (MR) analysis based on genome-wide association studies
summary statistics. Sensitivity analysis was performed to verify the robustness of MR results. Inmune
cell infiltration analysis and machine learning on bulk RNA-sequencing data were conducted to further
identify immune cells associated with LUAD. Prognostic genes of LUAD were identified using single-
cell RNA-sequencing data and high dimensional weighted gene co-expression network analysis.

MR analysis identified three immune cell characteristics associated with LUAD, including CCR2 on
granulocyte, CD25 on CD45RA +CD4 not Treg, and plasmacytoid dendritic cell, and sensitivity analysis
confirmed the robustness of the associations. Machine learning identified neutrophils, hematopoietic
stem cells, B cells, and myeloid progenitor cells as key immune cell characteristics related to LUAD.
Neutrophil was identified as the target cell of LUAD based on the MR analysis and machine learning.
Subcequently, single-cell RNA-sequencing mapped the immune microenvironment of LUAD and
identified down-regulated neutrophil. In addition, robust neutrophil-macrophage communication in
LUAD was revealed using the CellChat package. Finally, nine neutrophil-related prognostic genes of
LUAD were identified, three of which potentially regulated neutrophil-macrophage communication.
This study showed a significant correlation between neutrophil and LUAD, particularly highlighting
the neutrophil-macrophage communication. This finding may enhance our comprehension of LUAD
immune microenvironment and hopefully promote the discovery of new immunotherapeutic targets
for LUAD and the development of related drugs.
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OR Odds ratio
PD-L1 Programmed death ligand 1
TCGA The Cancer Genome Atlas

The GLOBOCAN 2022 study reveals that lung cancer ranks as the most prevalent form of cancer worldwide,
accounting for 2.48 million new cases and resulting in 1.8 million fatalities'. Lung adenocarcinoma (LUAD)
is the most common subtype of lung cancer. Regardless of tumor histology and driver mutation status,
immunotherapy represented by immune checkpoint inhibitors (ICIs) plays a impressive anti-tumor effect, and
has become an important means of LUAD treatment. However, immunotherapy has limitations, including low
patient response rates to ICIs, limited benefits for only a few patients, and high rates of acquired resistance
resulting in poor long-term outcomes?. The primary impediment to the effecacy of ICIs is the heterogeneity of
tumor immune microenvironment. Research has demonstrated that the presence of immunosuppressive cells,
a lack of tumor antigens, deficiencies in antigen-presenting cells, impaired T cell infiltration, and activation
of immunosuppressive signaling pathways collectively contribute to the heterogeneity of the tumor immune
microenvironment, which diminished the immune system’s capacity to identify and target tumor cells, thereby
constraining the efficacy of ICIs and potentially leading to immune evasion®.

However, due to the current limited understanding of the LUAD immune microenvironment, strategies to
improve immunotherapy efficacy remain unclear. Researches are focused on finding new immune checkpoints,
or reliable ICIs efficacy prediction tools at molecular level. Programmed death ligand 1 (PD-L1) was recognized
as a significant component of the immune microenvironment in LUAD. While initially considered a biomarker
for predicting the efficacy of ICIs in patients with LUAD, the sensitivity of PD-L1 expression for this purpose
was found to be modest*. Furthermore, prediction tools for assessing the efficacy of immunotherapy in LUAD,
based on the expression of multiple genes in tumor tissue or serum, have not yet been validated through real-
world studies®”. While research focused on the molecular level has not led to breakthroughs, perspectives have
focused on the interactions and connections within the tumor microenvironment to understand the complexity
of tumors from macroscopic perspective®. A recent study revealed an abundance of mesenchymal macrophages,
derived from blood monocytes, within the immune microenvironment of LUAD. These macrophages interact
with tumor-associated fibroblasts and tumor cells, correlating with adverse prognosis in LUAD®. Meanwhile, prior
research has revealed abnormal infiltration of various immunocytes in LUAD tissues and blood, encompassing T
cells, B cells, macrophages, neutrophils, dendritic cells, natural killer cells, and monocytesm‘lé. These abnormally
infiltrated immunocytes interact with LUAD cells, playing diverse roles in the initiation and progression of
LUAD, which raised great concerns about the immune cells characteristics. Enhanced understanding of the role
of immune cell characteristics in the pathogenesis would deepen etiology comprehension, advancing LUAD
diagnosis and treatment strategies. However, the relationship between immune cell characteristics and LUAD
is still poorly understood, including their causal roles and mechanisms in tumor development. A recent study
found that neutrophil chemotactic function decreased in patients with lung cancer. Meanwhile, the degree of
neutrophil infiltration in the microenvironment of LUAD was shown to be negatively correlated with survival
of patients'”. In addition, neutrophils may reshape the tumor microenvironment and promote immune escape
by releasing neutrophil extracellular traps (NETs)'8. This sparked interest in the role of neutrophils in LUAD’s
immune microenvironment.

Herein, we utilized Mendelian Randomization (MR) analysis, an etiological causal inference technique
using genetic variations as instrumental variables, to exclude confounders and achieve causal inference!®. A
recent MR study identified 15, 31, and 11 immune cell characteristics that causally associate with lung cancer,
non-small cell lung cancer, and small cell lung cancer, yet their causal links to LUAD remain unexplained®.
Another study revealed 36 immune cell characteristics associated with LUAD, but this research was based
on the analysis of only one dataset, thus leaving the findings vulnerable to chance?!. Therefore, in this study,
we soundly used multiple datasets for MR analysis, focusing on the causal association between immune cell
characteristics and LUAD. Through further application of machine learning to bulk RNA-sequencing, we
identified the most pertinent immune cell characteristics related to LUAD. Additionally, at single-cell level, we
captured the intricate communication patterns and signature gene modules of immune cells within the LUAD
immune microenvironment, evaluating their predictive capabilities for LUAD prognosis. Ultimately, this study
aims to provide an understanding of the relationship between immune cell characteristics and LUAD, thereby
offering novel insights and strategies for investigating the biological mechanisms of LUAD, and hopefully enable
more patients with LUAD to benefit from immunotherapy.

Materials and methods

Study design

This study was conducted in four key steps. Firstly, we employed MR analysis to explore the causal associations
between immune cell characteristics and LUAD. Secondly, utilizing machine learning, we analyzed bulk RNA-
sequencing data of LUAD to identify its characteristic immune cell profiles. Thirdly, we mapped the immune
cell landscapes of LUAD using single-cell RNA-sequencing data. Finally, through high dimensional weighted
gene co-expression network analysis (hdWGCNA) analysis of the neutrophil expression matrix in LUAD, we
identified prognostic genes for LUAD. The MR study followed the STROBE-MR guidelines and adhered to
the key principles of the Strengthening the Reporting of Observational Studies in Epidemiology (STROBE)
guidelines®’. The MR study adheres to three core assumptions: (1) Relevance: The instrumental variables
(IVs) must demonstrate a strong correlation with the exposure factor, namely immune cell signatures. (2)
Independence: The IVs should not be correlated with any known or unknown confounding factors that are
associated with both immune cell signatures and LUAD. (3) Exclusivity: The IVs should influence LUAD solely
through the mediation of circulating immune cells and not through any other pathways?>. This study utilized
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publicly available GWAS summary statistics and RNA-sequencing data, without the need for collecting new
data, thus rendering additional ethical approval unnecessary. The flowchart outlining the research process is
presented in Fig. 1.

Data sources

To avoid publication bias from racial heterogeneity, we used genome-wide association studies (GWAS)
summary statistics and RNA-sequencing data from European (white people) populations. The GWAS summary
statistics of immune cell characteristics utilized in this study are publicly accessible from the GWAS catalog,
with accession numbers ranging from GCST0001391 to GCST0002121. This dataset comprises 731 immune cell
signatures, encompassing absolute cell counts (AC, n=118), median fluorescence intensity reflecting surface
antigen levels (MFI, n=389), morphological parameters (MP, n=32), and relative cell counts (RC, n=192). The
GWAS summary statistics for LUAD were sourced from IEU OpenGWAS database (https://gwas.mrcieu.ac.uk/
). The ieu-a-984 dataset encompassed 11,245 LUAD cases and 54,619 controls with 10,345,176 SNPs, while the
ieu-a-965 dataset comprised 3442 LUAD cases and 14,894 controls with 8,881,354 SNPs. Bulk RNA-seq data of
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Fig. 1. The flowchart of this study.
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386 Caucasian LUAD patients and 61 healthy controls were obtained from The Cancer Genome Atlas (TCGA)
database (https://portal.gdc.com/). Additionally, bulk RNA-seq data (GSE118370, GSE140797, GSE32863, and
GSE31210) of LUAD cancer tissues and paracancer tissues were obtained from the Gene Expression Omnibus
(GEO) database (https://www.ncbi.nlm.nih.gov/geo/). Single-cell RNA-seq data (GSE117570) of LUAD patients,
comprising 3 cases of LUAD and 3 healthy controls, were retrieved from the GEO database.

MR statistical analysis

We rigorously screened IVs for the MR study: (1) Set P<1.0x 10> as the significance threshold for immune
cell characteristics. (2) Calculated linkage disequilibrium among SNPs using 1000 Genomes European data,
retaining r>=0.001 within 10,000 kb. (3) Excluded SNPs with minor allele frequency <0.01. (4) Removed SNPs
related to confounders like smoking. (5) Discarded SNPs with F-statistic < 10. (6) Eliminated palindromic SNPs.
(7) Excluded immune cell traits with <3 SNPs. Finally, 573 and 709 immune cell characteristics from ieu-a-965
and ieu-a-984 datasets were selected for MR analysis.

Subsequently, we conducted MR analyses to assess the causal effects of immune cell characteristics on
LUAD. The inverse-variance weighted (IVW) method was adopted as the primary approach, while additional
analyses such as MR-Egger, Simple mode, Weighted median, and Weighted mode were performed to evaluate
the robustness of the IVW results. The Wald ratio method was employed to estimate the effect of each SNP.
Since the outcome (occurrence of LUAD) is a binary categorical variable, the Odds Ratio (OR) was used to
demonstrate the potential causal relationship. Cochrane’s Q test was utilized to assess the heterogeneity among
SNPs. The MR-Egger-Intercept test was applied to evaluate horizontal pleiotropy. MR-PRESSO was employed to
detect outliers. The leave-one-out analysis was conducted as a sensitivity analysis to assess whether significant
results were driven by a single SNP.

All statistical analyses were conducted in the R environment (v4.3.1). The TwoSampleMR package (v0.5.8)
served as the primary tool for conducting the MR study. The significance threshold was set at P < 0.05. To mitigate
the risk of false positives, we applied FDR correction to the P values, and an Adjusted P<0.06 was considered
statistically significant.

Bulk RNA-sequencing data analysis

LUAD’s STAR-counts data and corresponding clinical information were downloaded from the TCGA database.
Then, we extracted the data in TPM format and performed log2(TPM +1) normalization processing. After
preserving the samples with both bulk RNA-seq data and clinical information, a total of 447 samples (386 LUAD
and 61 Normal) were subsequently analyzed. The normalize.quantiles function in the preprocessCore package
was used for data normalization, and the removeBatchEffect function in the limma package was used to remove
batch effects. Utilizing the Limma package (v3.40.2), we examined the differential expression of mRNAs. P values
adjusted by Benjamini-Hochberg method were analyzed to correct for false positives, and mRNAs satisfying
the criteria of “Adjusted P<0.05 and log2(FC)>1 or log2(FC)<-1” were defined as differentially expressed
genes (DEGs). To analyze the biological functions of these DEGs, we employed the ClusterProfiler package.
Furthermore, we leveraged the immunedeconv package (v2.1.3) and utilized EPIC, TIMER, CIBERSORT,
QUANTISEQ, MCPCOUNTER, and XCELL to assess the differences in immune cell distributions between
LUAD and normal samples. Four machine learning algorithms, including Random Forest (RF), Support Vector
Machine (SVM), Extreme Gradient Boosting (XGboost), and LightGBM, were employed to evaluate and rank
the distinguishing power of immune cell characteristics between LUAD patients and healthy controls. RF and
SVM were completed using the Wekemo Bioincloud (https://www.bioincloud.tech)?, and the XGboost and
LightGBM were conducted using the SPSSPRO platform (https://www.spsspro.com/). The sample proportion of
training set and test set was 0.7 and 0.3 respectively. In addition, tenfold cross-checks were performed to improve
the confidence of the results. Subsequently, we cross-validated the immune cell characteristics that exhibited
high distinguishing ability across the four algorithms, thereby identifying target cells highly associated with the
occurrence of LUAD.

Single-cell RNA-sequencing data analysis

For the analysis of single-cell RNA-seq data, R software (v4.3.1) was employed. Specifically, the process entailed:
(1) normalization of data using the “NormalizeData” and “ScaleData” functions from the Seurat package (v5.0),
followed by dimensionality reduction via the “FindVariableFeatures” and “RunPCA” functions; (2) removal of
batch effects through the application of the “RunHarmony” function; (3) clustering and visualization of cells
using the “FindClusters” and “UMAP” functions; (4) identification of cell subpopulations with the aid of the
CellMarker 2.0 (http://bio-bigdata.hrbmu.edu.cn/CellMarker/) and PanglaoDB (https://panglaodb.se/index.ht
ml) databases; (5) identifying the biological functions of marker genes in each cell type using the “ClusterGVis”
and "org.Hs.eg.db" packages; (6) analysis of intercellular communication using the CellChat software package
(v1.5.0); and (7) molecular docking, leveraging the CB-Dock2 platform (https://cadd.labshare.cn/cb-dock2/php
/index.php), to assess the efficacy of ligand-receptor interactions between cells, with the structures of all proteins
downloaded from the Protein Data Bank (https://www1.rcsb.org/).

Identifying neutrophil-associated genes in LUAD single-cell RNA-seq

We utilized hdWGCNA package (v0.3.01) to identify neutrophil-related module genes associated with LUAD.
Specifically, the process involved the following steps: (1) Constructing an expression matrix from Seurat object
using the “SetupForWGCNA” function; (2) Establishing metacells for the neutrophil expression matrix using
the “MetacellsByGroups” function, with the nearest neighbor cell count set at k=25 and a maximum of 10 cells
shared between two metacells; (3) Normalizing the metacell expression matrix using the “NormalizeMetacells”
function; (4) Setting the neutrophil expression matrix as the expression matrix required for network analysis
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with the “SetDatExpr” function; (5) Simulating the similarity between the co-expression network and the scale-
free topology under different soft-thresholding powers using the “TestSoftPowers” function and visualizing
the results with the “PlotSoftPowers” function; (6) Constructing the co-expression network using the
“ConstructNetwork” function; (7) Calculating the module eigengenes with the “ModuleEigengenes” function;
(8) Analyzing the biological functions of the module genes through the Metascape platform (https://www.m
etascape.org); (9) Building and validating a neutrophil gene-related LUAD prognosis model to predict 1-, 3-,
and 5-year overall survival rates through multi-factor Cox iterative regression analysis using data in the TCGA
cohort and GSE31210 cohort. The prognosis model was conducted using the survival package in R software,
and the p-value and HR with 95% CI used in the Kaplan-Meier curve were generated by log-rank tests and
univariate cox proportional hazards regression.

Results

Mendelian randomization revealed that granulocyte, CD4 T cell, and plasmacytoid dendritic
cell were causally associated with LUAD

In the jeu-a-984 dataset, the number of IVs for each immune cell characteristic ranged from 3 to 24, with
F-statistic values spanning from 19.58 to 442.37, indicating no weak instrument variable bias (Supplementary
file 1: Table s1). Similarly, for the ieu-a-965 dataset, the IV counts for each immune cell feature varied between
3 and 430, accompanied by F-statistic values ranging from 19.56 to 486.21, suggesting the absence of weak
instrument variable bias (Supplementary file 1: Table s2).

In the ieu-a-984 dataset, utilizing the results of the IWV analysis, we initially identified 33 immune cell
characteristics that have a potential impact on the occurrence of LUAD. After applying FDR correction, we
confirmed that 29 of these immune cell characteristics significantly influence the development of LUAD (Fig. 2A
and Supplementary file 1: Table s3). In the ieu-a-965 dataset, utilizing the results of the IWV analysis, we initially
identified 54 immune cell characteristics that have a potential impact on the occurrence of LUAD. After applying
FDR correction, we confirmed that 8 of these immune cell characteristics significantly influence the development
of LUAD (Fig. 2B and Supplementary file 1: Table s4).

We identified overlapping immune cell characteristics in ieu-a-984 and ieu-a-965: CCR2 on granulocyte,
CD25 on CD45RA + CD4 not Treg, and Plasmacytoid DC. Furthermore, we conducted an inverse MR analysis
to explore the causal relationship between LUAD and these cells, and the results revealed no significant
relationship between them (Supplementary file 1: Figure s1). Consequently, we designate these three immune
cell characteristics as potential causal factors associated with LUAD. To further establish the reliability of our
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Fig. 2. Results of MR analysis. (A) Result in ieu-a-984 dataset; (B) Result in ieu-a-965 dataset.
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MR results, we conducted a series of sensitivity analyses (Supplementary file 1: Table s5-7). The Cochrane’s Q
test revealed no heterogeneity among the SNPs associated with these immune cell characteristics (P>0.05). The
MR-Egger-Intercept test indicated no horizontal pleiotropy among the SNPs (P> 0.05). Additionally, the MR-
PRESSO analysis showed no outliers among the SNPs (P> 0.05). Finally, the leave-one-out test suggested that the
observed causal effects were not driven by a single SNP (P> 0.05).

Bulk RNA-sequencing data analysis identified neutrophil as target cell of LUAD

The baseline characteristics of included data were shown in Supplementary file 1: Table s8. Utilizing bulk RNA-
seq, we identified 909 upregulated DEGs and 1621 downregulated DEGs in LUAD (Fig. 3A). These DEGs were
primarily enriched in pathways such as Cell Adhesion Molecules and Hematopoietic Cell Lineage, biological
processes including Extracellular Matrix Organization and Extracellular Structure Organization, cellular
components like Collagen-containing Extracellular Matrix and Collagen Trimer, and molecular functions such
as Extracellular Matrix Structural Constituent and Glycosaminoglycan Binding (Fig. 3B). Based on the MR
analysis, we focused on the distribution differences of granulocytes, dendritic cells, and CD4" cells between
LUAD cases and healthy controls. Overall, neutrophils and dendritic cells exhibited significantly decreased
infiltration in LUAD, while CD4* cells were significantly upregulated (Fig. 3C and Supplementary file 1: Table
$9). Subsequently, we employed four machine learning algorithms to identify the 20 most discriminative immune
cell characteristics distinguishing LUAD cases from healthy controls (Fig. 3D and Supplementary file 1: Table
s10). Through cross-validation, neutrophil was identified as the target cell (Fig. 3E). Moreover, data from the
GEO database alse showed that neutrophil was down-regulated in LUAD (Fig. 3F).

Single-cell RNA-sequencing data analysis revealed robust neutrophil-macrophage
communication in the immune microenvironment of LUAD

Following stringent quality control metrics, the data underwent preprocessing steps such as normalization
and batch correction. Utilizing UMAP technology based on the top 30 principal components, we clustered
the high-dimensional single-cell RNA-seq, resulting in 11 distinct cell clusters that exhibited varying gene
expression patterns at a resolution of 0.5 (Supplementary file 1: Table s11). These clusters were annotated using
CellMarker 2.0 and PanglaoDB, identifying them as Epithelial cell (Markers: KRT7, CAV1, SFTPA1), Immune
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cell (Markers: IL7R, CD96, LTB, S100A2, PLA2G7, CCL2, S100A8, SPP1, GZMA, PRF1, KLRG1, FABP4, MME,
GPD1, CLEC10A, FCER1A), Secretory cell (Markers: SCGB3A2, PIGR), SLC16A7 + cell (Marker: APOBEC3A),
Fibroblast-like cell (Marker: PTGDS), Lonocyte cell (Marker: THBSI1), and Ciliated cell (Markers: RSPH1,
TPPP3, PIFO, MORN?2, CAPS) (Fig. 4A). Notably, we observed significant differences in the distribution of
Immune cells between LUAD and healthy controls (Fig. 4A). Subsequently, the immune cells were classified into
seven cell types (B cell, dendritic cell, macrophage, neutrophil, NK cell, T cell, and Unknown), and the respective
marker genes of each cell were detailed in Fig. 4B. Strikingly, the neutrophil population was significantly depleted
in LUAD compared to healthy controls (Fig. 4C).

To investigate the intercellular interactions among immune cells in LUAD microenvironment, we employed
the CellChat package to perform a cell-to-cell communication analysis. Macrophages, neutrophils, dendritic
cells, and Unknown cells exhibited higher communication frequencies with other cell types. In contrast, in
healthy controls, macrophages, neutrophils, dendritic cells, and NK cells demonstrated higher communication
frequencies (Fig. 4D). We observed a greater communication intensity between neutrophils and other cells
in LUAD (Fig. 4E). Subsequently, we delved into the communication between neutrophils and the remaining
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Fig. 4. Results of single-cell RNA-seq analysis. (A) Differences in the distribution of different cell types
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between neutrophils and macrophages was significantly enhanced in LUAD; (H) Molecular docking revealed
good binding energy between ligands on neutrophils and receptors on macrophages.
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Fig. 5. Identifying neutrophil-associated genes using hdWGCNA. (A) Set the soft threshold { to 20 based on
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related prognostic genes in the GSE 31210 cohort.

immune cells. Compared to healthy controls, neutrophils in the LUAD group exhibited stronger communication
with macrophages (Fig. 4F). This difference primarily stemmed from the varied binding of neutrophil ligands
(HLA-DPA1, HLA-DPB1, HLA-DQA1, HLA-DQB1, HLA-DRA, HLA-DRB1) to macrophage receptors (CD4)
(Fig. 4G, Supplementary file 1: Table s12, and Supplementary file 2: Figure s2). Molecular docking analysis
revealed favorable ligand-receptor binding energies (Fig. 4H and Supplementary file 1: Table s13). In summary,
while there is a reduced neutrophil population in the LUAD microenvironment, these neutrophils maintain a
robust communication relationship with macrophages.

Identifying neutrophil-associated genes in LUAD single-cell RNA-sequencing data

A comprehensive co-expression network was constructed using the hdWGCNA package to identify genes that
exhibit a strong association with neutrophils in LUAD. With a soft threshold f set at 20, chosen for its biological
relevance and adherence to the scale-free network criteria (Fig. 5A and Supplementary file 1: Table s14), we
identified five distinct gene modules related to neutrophils (Fig. 5B). A UMAP projection offered further insights
into the co-expression patterns of genes within these modules (Fig. 5C). Among them, the brown module
(Neutrophil-M3) stood out as having the most profound correlation with neutrophils (Fig. 5D,E). Enrichment
analysis of this module revealed that the core genes were predominantly involved in functions such as regulated
exocytosis, secretory granule formation, secretory vesicle trafficking, and neutrophil degranulation (Fig. 5F).
Through rigorous multivariate Cox regression analysis, we pinpointed nine crucial prognostic genes: SI00A11,
CFL1, FNDC3B, GAPDH, TPM4, VCAN, S100A8, CTSL, and SH3BGRL3 (Supplementary file 1: Table s15).
Utilizing these prognostic genes, we formulated a neutrophil-gene-based prognostic model for LUAD: Riskscore
= (0.4635)*S100A11 + (0.6175)*CFL1 + (- 0.2691)*FNDC3B + (0.3799)*GAPDH + (- 0.2783)*TPM4 +
(0.2584)*VCAN + (- 0.1068)*S100A8 + (0.2435)*CTSL + (- 0.3201)*SH3BGRL3. Patients were divided into
high and low groups based on the median riskscore. Notably, patients with a high risk score had a median
survival time of 2.7 years, whereas those with a low risk score had a median survival time of 4.9 years. The model
demonstrated robust performance, achieving AUCs of 0.721, 0.703, and 0.71 for predicting 1-, 3-, and 5-year
overall survival rates, respectively (Fig. 5G). We validated the prognostic riskscore in an external cohort and
found that there was a statistically significant difference in the overall survival rate between the high-risk group
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and the low-risk group in the GSE31210 cohort (HR 2.95, P =5.9¢-3). Moreover, this riskscore can predict the
5-year overall survival rate of relatively accurately (AUC=0.69) (Fig. 5H).

Discussion

This study used MR analysis to examine the causal links between 731 immune cell traits and LUAD in two cohorts,
finding that CCR2 on granulocytes, CD25 on CD45RA + CD4 not Treg, and Plasmacytoid DC were linked to
higher LUAD risk. Machine learning analysis of LUAD bulk RNA-seq identified neutrophils, hematopoietic
stem cells, B cells, and myeloid progenitor cells as crucial for LUAD detection. Single-cell RNA-seq analysis
revealed a decrease in neutrophils within the LUAD immune microenvironment and strong interactions with
macrophages. Nine neutrophil-related genes (S100A11, CFL1, FNDC3B, GAPDH, TPM4, VCAN, S100AS8,
CTSL, SH3BGRL3) were significantly linked to LUAD prognosis.

Neutrophils play a crucial role in LUAD development. Neutrophils are among the most critical immune
cells within the human body. Upon the invasion of foreign pathogens or the onset of endogenous inflammation,
neutrophils are the initial immune cells to migrate from peripheral circulation to the site of pathology. They
combat pathogens through mechanisms such as direct phagocytosis, the release of reactive oxygen species
(ROS), and a process known as “suicidal” NETosis. During NETosis, neutrophils expel their nuclear DNA,
which combines with histones and antimicrobial enzymes to form a fibrous network structure known as
neutrophil extracellular traps (NETs). These NETs serve to capture and neutralize pathogens®. In addition to
killing pathogens, NETs also promote tumor metastasis by regulating the cell cycle and shielding tumor cells
from immune attacks?*~?°. Clinical studies indicated that NETs-related gene expression can predict survival and
distant metastasis in patients with LUAD but not squamous cell carcinoma®3!. NETs also serve as independent
predictors of LUAD immunotherapy efficacy, with high expression linked to shorter progression-free survival
and higher chances of disease progression and immune-related side effects’>*. Animal studies revealed that
NETs suppress CD4 and CD8 T cells, while promoting CD4 T cells to become Tregs, aiding immune escape®%.
NETs inhibitors could boost the tumor-reducing effect of ICIs on CD8 T cells, increase CD8 T cells in tumors,
restore local immunity, and prevent metastasis*®~>. In addition, chronic lung inflammation could cause NETs
infiltration, reactivating dormant lung metastatic cancer cells post-ICI therapy, leading to invasive metastasis*.
Cell experiments revealed that NETs can induce M2 macrophage polarization, enhancing LUAD A549 cell
proliferation and invasion, while inhibiting the immune response of monocytes, CD8 T cells, and NK cells**4!.
NETs also express PD-L1, leading to T cell dysfunction and tumor immune escape?’. Thus, neutrophils, through
NETS;, are crucial in LUAD development.

At the single-cell level, we observed strong communication between neutrophils and macrophages in LUAD.
Research indicated that these innate immune cells inhibit the cytotoxic effects of other immune cells and interact
with tumor cells to support their growth, metastasis, and drug resistance. The interaction between neutrophils
and macrophages has been shown in inflammatory environments. In the early stages of inflammation,
macrophages release cytokines to recruit neutrophils, which can then activate macrophages. In the later stage,
macrophages engulf apoptotic neutrophils to lessen inflammation, with neutrophil apoptosis promoting anti-
inflammatory macrophage phenotypes*»*4. Additionally, neutrophils influence macrophage polarization and
proliferation via colony-stimulating factor 1%°. Recent investigations have demonstrated that neutrophil-
macrophage interactions also occur within tumor microenvironment. Macrophages may induce neutrophils to
release NETs through the secretion of cytokines such as IL-1f, IL-6, IL-18, and TNF-q, thereby facilitating the
migration and invasion of LUAD cells*!. Conversely, NETs can modulate macrophage polarization via TREM1
induction, thereby contributing to the progression of gastric cancer?. Additionally, NETs enhance macrophage
recruitment in vivo, which subsequently inhibits the growth of bladder cancer tumors?. In the immune
microenvironment of LUAD, NETs enhance the invasion and migration of A549 cells through an inflammation
maintained by macrophages*!. Neutrophil elastase from NETs promotes M2 macrophage polarization by down-
regulating PTEN, aiding LUAD tumor growth and A549 cell proliferation, migration, and invasion?®. The above
evidence suggests neutrophils and macrophages interact via NETs to advance LUAD.

At the genetic level, we identified nine neutrophil-associated LUAD prognostic genes (S100A11, CFLI,
FNDC3B, GAPDH, TPM4, VCAN, S100A8, CTSL, and SH3BGRL3). S100A8, S100A11 and GAPDH have been
shown to regulate the function of neutrophils and macrophages. SI00A8, a pro-inflammatory protein from
neutrophils, activates fibroblasts in tumor cells by accumulating oxidized lipids, leading to LUAD recurrence®.
It also modifies PD-L1 histones in macrophages, reducing CTL anti-tumor activity and enabling tumor
immune escape®. Additionally, macrophages increase S100A8 expression in LUAD LLC cells, promoting liver
metastasis®. SI00A11 has been shown to facilitate the secretion of inflammatory mediators, including IL-6
and TNE, by neutrophils, thereby amplifying the inflammatory response®. Furthermore, SI00A11 present
in extracellular vesicles derived from osteosarcoma cells has the capacity to activate macrophages, leading to
the secretion of CXCL2 and subsequent induction of lung metastasis®>. Notably, the expression of S100A11
is modulated by NETs*% Recent studies indicate that inflammatory stimulation reduces GAPDH activity in
neutrophils, promoting NET formation®®. In tumors, GAPDH expression inversely correlates with neutrophil
infiltration®>. Reduced GAPDH activity in macrophages may drive anti-inflammatory aerobic glycolysis®.
GAPDH oxidation might activate inflammasomes and IL-1p release, leading to pro-inflammatory macrophage
metabolic reprogramming®’. Unfortunately, no study has found the effect of these genes on neutrophil-
macrophage communication, and further research is needed in the future.

This study presents several notable strengths. Initially, a thorough multi-dimensional analysis was performed
utilizing a vast dataset to investigate the causal relationship between immune cell characteristics and LUAD. This
analysis also involved mapping the overall immune cell landscape of LUAD and identifying crucial connections in
the development of LUAD at single cell level. Significant, emphasis was placed on the contribution of neutrophil
and associated genes to the onset of LUAD, offering a fresh viewpoint for deciphering the immune landscape of
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LUAD. However, there are several limitations. The GWAS summary statistics utilized were derived exclusively
from European populations, thereby limiting the generalizability of our findings to other ethnic groups, and this
study relied solely on LUAD bulk RNA-sequencing data from TCGA database. Integrating data from additional
databases and clinical sample sequencing would enhance the robustness of our results. Lastly, the findings of this
study require validation through further experimental investigations. In future, we will investigate neutrophil-
macrophage communication in the immune microenvironment of LUAD, and develop therapeutic targets and
drugs through in-vivo and in-vitro experiments.

Conclusion

In conclusion, our comprehensive data analysis has revealed the immune cell characteristics linked to the
progression of LUAD, emphasizing the crucial involvement of neutrophils and associated genes in the immune
microenvironment of LUAD. These results serve as a valuable foundation for further exploration of the tumor
immune microenvironment of LUAD, presenting new opportunities for researchers to study the etiology of
LUAD and develop potential therapeutic interventions. Hopefully, this study will promote the discovery of new
immunotherapeutic targets for LUAD and the development of related drugs.

Data availability

The datasets analysed during the current study are available in the IEU OpenGWAS database (https://gwas.mr
cieu.ac.uk/), the TCGA database (https://portal.gdc.com/), and the GEO database (https://www.ncbi.nlm.nih.g
ov/geo/).
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